Intrinsic connectivity, commonly measured using resting-state fMRI, has emerged as a fundamental feature of the brain. However, largely due to practical limitations, many studies do not collect enough resting-state data to generate reliable measures of intrinsic connectivity necessary for studying individual differences. Here we present general functional connectivity (GFC) as a method for leveraging shared features across resting-state and task fMRI and demonstrate that GFC is substantially more reliable than intrinsic connectivity estimated from typically available resting-state data alone (i.e., 5-10 minutes). We further demonstrate that the increase in reliability gained through GFC boosts predictive utility by accounting for upwards of 200% more variance in the domain of intelligence. Our work suggests that GFC represents an opportunity to improve the reliability and predictive utility of fMRI for mapping individual differences, and that collection of resting-state and task scans need not be a zero-sum competition when designing future studies.
Introduction
Functional magnetic resonance imaging (fMRI) has proven invaluable for identifying the neural architecture of human behavior and cognition (Betti et al., 2013; Fox et al., 2007; Huth et al., 2016) . Accordingly, fMRI has been widely adopted in myriad studies seeking to deepen our understanding of the human brain in both health and disease (Cole et al., 2011; Power et al., 2013; Satterthwaite et al., 2016) . Recently, fMRI studies have expanded in both scale and scope, often collecting functional neuroimaging data in thousands of individuals in an effort to adequately power the search for neural correlates of complex human traits and predictive biomarkers for mental illness (Casey et al., 2018; Elliott et al., 2018; Miller et al., 2016; Swartz et al., 2015; Thompson et al., 2014) . In this context, most studies have focused on the acquisition of resting-state functional MRI to map the intrinsic connectivity of neural networks. This choice is often prompted by three considerations. First, intrinsic connectivity networks appear to be more heritable than task-elicited activity (Elliott et al., 2017; Ge et al., 2017; Glahn et al., 2010) .
Second, resting-state data are relatively easy to collect from informative populations of children, the elderly, and the mentally ill (Fox, 2010; Greicius, 2008; Shehzad et al., 2009) . Third, intrinsic connectivity plays a primary role in shaping task-based brain activity and associated behaviors (Cole et al., 2014 (Cole et al., , 2016 Krienen et al., 2014; Tavor et al., 2016) .
While analyses of resting-state data have revealed insights about average, group level features of the human brain (Buckner et al., 2008; Power et al., 2011; Yeo et al., 2011) , progress has lagged in identifying individualized signatures, which are critical if ongoing large-scale studies are to be successful in the search for risk and disease biomarkers. This lack of progress partially reflects the generally poor test-retest reliability of intrinsic connectivity estimates in many resting-state studies Cannon et al., 2018) . The reliability of intrinsic connectivity measures must be improved, as unreliability limits the ability to predict individual differences (Nunnally Jr., 1970; Vul et al., 2009) . In this paper we propose general functional connectivity (GFC), a simple method to combine resting-state and task fMRI to improve the reliability of individual differences in intrinsic connectivity.
Historically researchers have collected 5-10 minutes of resting-state data in response to both published recommendations (Van Dijk et al., 2010; Shehzad et al., 2009 ) and practical limitations (e.g., scan time, cost and subject stamina). While such data may be adequate for detecting patterns of intrinsic connectivity common across individuals, more than 25 minutes of data are needed to reliably detect individual differences in these same patterns (Anderson et al., 2011; Hacker et al., 2013; Laumann et al., 2015) . This suggests that intrinsic connectivity may simply be a noisy measure of stable individual differences whose 'true' signal requires lengthier measurement (Braga and Buckner, 2017; Gordon et al., 2017; Gratton et al., 2018; Mueller et al., 2013) . However, due to the high cost of scan time and the limited ability of many individuals including children, the elderly, and the mentally ill to lie still without falling asleep for tens of minutes of scanning, this level of in-depth measurement is simply not feasible for a majority of studies (Power et al., 2012; Satterthwaite et al., 2013; Tagliazucchi and Laufs, 2014) . To illustrate the point, two recent meta-analyses of resting-state intrinsic connectivity in depression (Kaiser et al., 2015) and schizophrenia (Dong et al., 2018) revealed average resting-state scan times of 6.53 minutes (k = 23 studies) and 6.24 minutes (k = 36 studies), respectively. It is likely that intrinsic connectivity based on these brief scans would have low reliability, reducing the ability to discover reliable individual differences in disease biomarkers. If measures of intrinsic connectivity are to realize their potential as a clinical tool (Fox, 2010; Matthews et al., 2006) and contribute to personalized medicine (Collins and Varmus, 2015; Hamburg and Collins, 2010) , there must first be substantial improvement in their reliability, and this should be ideally achieved within the practical limitations of study design and participant burden.
Although few studies collect enough resting-state data to achieve high levels of reliability, many collect multiple task scans in addition to a resting-state scan. While it has been implicitly assumed that task and resting-state scans are two separate measures of brain function, to be analyzed and studied independently, a growing body of evidence suggests that the intrinsic connectivity measured by each may have substantial overlap, sharing over 80% of the same variance (Cole et al., 2014; Geerligs et al., 2015; Tavor et al., 2016) . Further, intrinsic connectivity from task scans may even accentuate individual differences Satterthwaite et al., 2018) , and resting-state and task data can be complementary in deriving reliable components of individual differences in intrinsic connectivity (Gratton et al., 2018) .
If task and resting-state data converge in their measurements of individual differences in intrinsic connectivity, and length of data acquisition is the primary limiting factor in establishing a reliable measure, then combining these scans could achieve higher reliability. Here we hypothesized that measures of intrinsic connectivity will be more reliable when task and resting-state scans are combined, compared to short resting-state scans alone. Additionally, we hypothesized that this boost in reliability will increase the predictive utility of intrinsic connectivity in mapping the neural correlates of individual differences in complex human traits. We leveraged three existing datasets to test our hypotheses. First, to determine how much data are needed for a reliable estimate of intrinsic connectivity, we investigated the influence of a broad range of scan lengths on reliability using data from a single individual who underwent over 20 hours of fMRI scanning (Poldrack et al., 2015) . Second, we investigated the test-retest reliability of different combinations of task and resting-state data in both the Human Connectome Project (HCP) (Van Essen et al., 2013) , which uses state-of-the-art fMRI hardware and acquisition parameters in a highly educated, healthy sample, and in the Dunedin Longitudinal Study (Poulton et al., 2015) , which uses more common fMRI hardware and acquisition parameters in a population representative birth cohort. Finally, we determined the relative gain in explaining individual differences in the complex human trait of intelligence resulting from the increased reliability of intrinsic connectivity estimates in both the HCP and Dunedin Study.
Results

How much data are needed for converging estimates of intrinsic connectivity?
An influential recent study suggested that approximately 25 minutes of resting-state data are needed to adequately measure an individual's intrinsic connectivity . We began our investigation by using the MyConnectome dataset to replicate these findings using a general preprocessing framework and then extending these analyses by adopting a broader definition of intrinsic connectivity by combining resting-state and task scans. While the original study employed procedures optimized for single-subject analyses, we were able to generally replicate the relationship between amount of data and reliability using a typical group processing and parcellation scheme ( Figure 1 ; red curve). Split-half reliability was calculated using approximately 150 minutes of data from one-half of the data pool to define the "true" connectivity matrix, correlated with increasing amounts of data from the other half. 150 minutes were used in order to have comparable amounts of data between rest and task analyses (see supplemental Figure S1 for direct replication using 400 minutes). Specifically, we found that as the amount of resting-state data used to create the intrinsic connectivity maps increases, the split-half convergence between the "true" connectivity and the estimated connectivity sharply increases, from r = .64 with half a session totaling 4.97 minutes to r = .87 with three sessions of data totaling 29.81 minutes. This curve begins to level off with around 50 minutes of data (r = .91), and by 80 minutes of data has mostly converged (r = .93), peaking at r = .95 with 149.07 minutes of data.
We next investigated reliability using a broadened definition of intrinsic connectivity, which we term General Functional Connectivity (GFC), defined here as an equal amount of data from resting-state and each task. Here, the "true" connectivity matrix was defined from 145.78 minutes of data (approximately 29 minutes from rest and each of the four available tasks). As seen in the blue curve in Figure 1 , GFC showed a similar pattern of convergence with the "true" intrinsic connectivity measures as observed above using only resting-state data. The curve rises sharply from r = .62 with 7.37 minutes of data to r = .85 with 36.41 minutes of data. This curve begins to level off with 50.95 minutes of data (r = .88) and continues to slowly rise, peaking when the entire subset of task data is used (145.78 minutes of data) at r = .94. Figure 1 . Reliability of intrinsic connectivity directly reflects the amount of data collected either from resting-state scans alone or combined with task scans. Points on graph indicate average Pearson correlations with "true" correlation matrix (150 minutes of data) as a function of smaller subsets of data, from 1000 data resamplings. The split-half reliability curve for resting-state functional connectivity (RSFC) is in red and for general functional connectivity (GFC) in blue. The red bar denotes 5 -10 minutes of resting-state data alone typically collected in the majority of studies, while the blue bar denotes 25-35 minutes of resting-state plus task scans also typically available in these studies.
What is the test-retest reliability of GFC?
As demonstrated above, the reliability of intrinsic connectivity is substantially influenced by the amount of data used to derive the estimates. Next, we used data from the HCP to evaluate the test-retest reliability of both intrinsic connectivity derived from resting-state scans alone and of GFC derived from combinations of task and resting-state scans in the HCP. Test-retest reliability, as measured by Intra-Class Correlation (ICC), ranges from 0-1, and is commonly classified according to the following cutoffs: 0 -.4 = poor, .4 -.6 = moderate, .6 -.8 = good and .8 -1 = excellent (Cicchetti, 1994) . In the HCP, when 5 minutes (post-censoring) of resting-state data were used to measure individual differences in intrinsic connectivity defined within a common atlas of 264 regions (Power et al., 2011) , the reliability was generally poor (mean ICC = .30; 67% of edges were poor , 27% moderate, 5% good, and less than 1% excellent). As more resting-state data were added, the test-retest reliability continued to increase up to the limits of the dataset at 40 minutes (mean ICC = .63; 7% of edges poor, 31% moderate, 53% good, and 9% excellent) Test-retest reliability of individual differences in both RSFC and GFC scales with the amount of Human Connectome Project data available for analysis. Intra-Class Correlation (ICC) matrices for RSFC (left panel) and GFC (right panel) demonstrate comparable gains in reliability with increasing amounts of data across common intrinsic networks (Power et al., 2011) . 5 and 10 minutes are written in red because these are common scan lengths for resting-state scans. 30 and 40 minutes are written in blue because many researchers have collected this amount of fMRI data when resting-state and task fMRI is combined. To the bottom left of ICC matrices is the color key for the ICC values with a histogram indicating the density of ICCs for the corresponding graph.
Critically, this general pattern held when task data were incrementally added to resting-state data to generate estimates of GFC in the HCP. The mean test-retest reliability of 5 minutes of resting-state data showed a 73% increase when 25 minutes of task were added (mean ICC = .52; 23% of edges were poor, 39% moderate, 33% good, and 4% excellent). GFC, defined as exactly equal parts of each task and resting-state scan, followed this pattern as well: 5 minutes of data exhibited poor reliability (mean ICC = .33, 10% of edges were poor, 30% moderate, 8% good, and less than 1% excellent) but 40 minutes of data showed good reliability (mean ICC = .61, 10% of edges were poor, 32% moderate, 49% good, and 9% excellent) (see Figures 2 and 3 ). In addition, resting-state scans are not required to generate a reliable measure of GFC, as this pattern of increasing reliability holds when task data alone are used to measure intrinsic connectivity (see
This general improvement in reliability with increasing data was not unique to the HCP, but also observed in the population representative Dunedin Study ( Figure S2 ). The base protocol Dunedin resting-state scan of 8:16 minutes showed generally low reliability (mean ICC = .27, 68% of edges were poor, 23% moderate, 9% good, and 1% excellent). The reliability of the intrinsic connectivity estimates, however, improved by 104% when the 8:16 minutes of resting-state data were combined with 27 minutes (before censoring) of task data (mean ICC = .55, 20% of edges were poor, 35% moderate, 38% good and 6% excellent) ( Figure S2 ). 
Does better reliability of GFC increase predictive utility of individual differences?
Connectome Predictive Mapping (CPM) was used to predict intelligence from both resting-state only derived intrinsic connectivity and combined resting-state and task GFC in both the HCP and the Dunedin study. CPM predicts a phenotype from a linear combination of edges that are related (p<.01) to the phenotype of interest. Here, intelligence was used as the phenotype of interest because it is a reliable individual difference measure with a history in prediction studies using CPM (Dubois et al., 2018a (Dubois et al., , 2018b Finn et al., 2015; Noble et al., 2017) . In the HCP, we restricted analyses to the first 8 minutes of resting-state data to approximate the data available in the Dunedin Study as well as many studies with limited scan time. When doing so, we found that individual differences in intelligence were significantly predicted from 8 minutes of resting-state data (r = .12, p = .032). However, the predictive utility increased when 25 minutes of task data were added to estimate GFC (r = .33, p < .001) (see Figure 4 ). Similar advantages in predictive utility were observed in the Dunedin Study when using GFC. In the Dunedin Study intrinsic connectivity estimates derived from 8:16 minutes of resting-state data alone predicted intelligence (r = .12, p = .015). When 27 minutes (before censoring) of task data were added to estimate GFC, the predictive utility increased (r = .22, p < .001). In the HCP, the addition of task data resulted in a 679% increase in variance explained (r 2 = .014 to r 2 = .109), while in the Dunedin Study the addition of task data resulted in a 243% increase in variance explained (r 2 = .014 to r 2 = .048). See supplemental table S1 for full model details. These reveal significant boosts in variance explained when adopting general functional connectivity (GFC) in comparison with resting-state functional connectivity (RSFC). 8 minutes of rest-state data combined with 25 minutes of task data were used for the GFC estimates in both samples. These amounts were chosen so that scan lengths could be the same across samples and because these scan lengths are commonly found in fMRI imaging datasets.
Discussion
Here we present a simple method for improving the reliability of individual differences in intrinsic connectivity by combining resting-state and task data to generate an estimate of intrinsic connectivity that we call general functional connectivity (GFC). Across multiple datasets we found that the addition of task data to short but representative amounts of resting-state data substantially increases the reliability of intrinsic connectivity measures. Moreover, this increase in reliability manifests as significant gains in predictive utility of individual differences in a complex human trait, namely intelligence. These findings have several consequences for current and future neuroimaging research because they demonstrate that (1) reliable measurement of individual differences in the functional architecture of the brain is not only achievable in niche, specialty datasets with hours of resting-state data, but also in many existing datasets if GFC is adopted;
(2) this gain in reliability has consequences for the study of individual differences in behavior and cognition, as demonstrated by increased predictive utility when studying intelligence; (3) to the extent that replicable gains in reliability may be achieved in other datasets, our results provide a reference that researchers can use to roughly estimate the gain in reliability they may achieve by adopting GFC (figure 2 and 3). We elaborate on each of these points, next.
Data aggregation across task and resting-state fMRI boosts reliability
We found that GFC, derived from the combination of resting-state and task fMRI is a reliable measure of individual differences in intrinsic connectivity. Consistent with previous studies Finn et al., 2015; Laumann et al., 2015) , we showed that the reliability of intrinsic connectivity is highly dependent on the amount of data collected. This is true of resting-state functional connectivity as well as GFC. Across a broad range of scan lengths (Figures 1 and 3) , GFC is comparable to resting-state functional connectivity in its reliability. While the split-half reliability of resting-state connectivity (r= .64) and GFC (r= .62) is moderate with only 5 minutes of data, this relatively high split-half correspondence with the "true" intrinsic connectivity of an individual's brain does not lead to a reliable measure of individual differences in test-retest datasets. Instead 5-10 minutes of resting-state data produced poor reliability in both the HCP and Dunedin Study data sets. Only with 30-40 minutes of data did resting-state connectivity and GFC begin to display good reliability. This finding follows directly from past studies that have shown reliability depends on scan length (Anderson et al., 2011; Birn et al., 2013; Hacker et al., 2013) , that task and resting-state data share a large proportion of variance (Cole et al., 2014; Geerligs et al., 2015) , and that both task and resting-state data measure common individual differences in intrinsic connectivity (Gratton et al., 2018) . We demonstrate a tangible boost in reliability can be achieved by combining task and resting-state data to generate GFC.
Importantly, most neuroimaging datasets only have 5-10 minutes of resting-state data, which are limited by sampling variability, motion-artifacts, and other sources of noise (Gordon et al., 2017; Gratton et al., 2018; Power et al., 2014) . Given the reliability estimates reported here, it is likely that in many studies, individual differences in intrinsic connectivity will be unmeasurable with resting-state data alone (Anderson et al., 2011; Hacker et al., 2013) . However, it is common practice for researchers to collect 10-40 minutes of task fMRI data in addition to resting-state. Therefore, if researchers adopt a broader definition of intrinsic connectivity, such as GFC, they can combine task and resting-state data to achieve a reliable measure of individual differences in intrinsic connectivity.
General functional connectivity improves predictive utility
Previous research has shown that the predictive utility of intrinsic connectivity data depends on the amount of data available (Dubois et al., 2018a; Finn et al., 2015) . This follows directly from the fact that the observed correlation between any two measures is limited by the reliability of each measure (Nunnally Jr., 1970; Vul et al., 2009) . Directly in line with these findings, we show that when task data are added to short (5 -10 minutes) resting-state data the predictive utility increases substantially, in two independent samples: 679% in HCP and 243% in the Dunedin Study. This result provides a proof-of-principal that increasing the reliability of intrinsic connectivity estimates through adopting a GFC framework can have benefits for predictive utility in mapping individual differences. However, future research is needed to extend these findings to other phenotypes. While correlates of behavior in health and disease have been reported with 5-10 minutes of resting-state data, some commentators have questioned whether these findings have the power to drive cumulative, replicable discoveries (Button et al., 2013; Szucs and Ioannidis, 2017) . This is likely due in part to the low reliability (ICCs £ .4) demonstrated here.
However, with GFC, many functional connections display good to excellent reliability (ICCs ³ .6).
And, with this higher reliability, specific functional connections can be expected to have higher replicability and greater promise as biomarkers in personalized medicine.
How general is general functional connectivity?
An understandable reluctance in implementing GFC could be that it would introduce heterogeneity in the estimation of intrinsic connectivity. Whereas resting-state intrinsic connectivity is thought to be a common framework with generalizability across datasets, the combination of different sets of tasks in different datasets may introduce additional variability.
Below, we provide three reasons why we think this is less of a problem than it may appear and point to features of our analyses that support the validity of GFC as a robust measure of individual differences in intrinsic connectivity.
First, resting-state data are by nature heterogenous, and the resting-state is its own type of task (Buckner et al., 2013) . Researchers collect resting-state data under different conditions in which participants close their eyes, have their eyes open, or fixate on a screen. These differences in resting-state conditions influence intrinsic connectivity . Despite these differences, all approaches are collectively referred to as resting-state scans. In addition, factors like thought content (Christoff et al., 2009; Hurlburt et al., 2015) , caffeine intake (Wong et al., 2012) , recent cognitive tasks (Waites et al., 2005) , and falling asleep (Deco et al., 2014) can introduce further heterogeneity biasing intrinsic connectivity estimates in many resting-state datasets. It has even been estimated that approximately 30% of subjects fall asleep within the first three minutes of a resting-state scan (Tagliazucchi and Laufs, 2014) . Despite this heterogeneity, resting-state scans measure a common set of functional networks (Yeo et al., 2011) , and display trait-like features driven by stable factors such as genetics (Glahn et al., 2010) and structural connectivity (Honey et al., 2009) . For these reasons resting-state data represent substantial promise as an individual differences measure, but only if enough data are collected to average out sampling variability (Gratton et al., 2018 ). Connectivity estimates from task data are also shaped by many of these stable factors (Cole et al., 2014; Krienen et al., 2014) , and task data predominantly measure overlapping individual differences that are only weakly influenced by task demands (Gratton et al., 2018) .
Second, the benefits of GFC converge across three different samples, scanners and scanning parameters. The samples ranged from the MyConnectome, which consists of a single Stanford professor who is likely the most brain-imaged individual in history (Poldrack et al., 2015) , to a large healthy sample of highly-educated individuals (Van Essen et al., 2013) , to a populationrepresentative birth cohort with a broad range of mental and physical health conditions, socioeconomic status and full representation of variability in many complex traits (Poulton et al., 2015) . Across samples, the resting-state data came from eyes closed and eyes opened conditions and the task data came from 15 different tasks unevenly distributed across datasets (four in MyConnectome, seven in HCP, and four in Dunedin Study). The data were processed with different preprocessing schemes and software ("minimally preprocessed" in HCP and custom scripts in MyConnectome and Dunedin Study). In addition, amount of scan time was tightly controlled in MyConnectome and HCP (equal time after censoring), whereas in the Dunedin Study motion censoring led to unequal scan lengths across participants as is the case in traditional intrinsic connectivity analyses. Despite these many differences between datasets, our results showed striking convergence in the reliability gained through the GFC framework, with average ICCs at .52 in HCP and .55 in Dunedin with approximately 25 minutes of data. Altogether, these results demonstrate that GFC has good test-retest reliability, inter-rater reliability (different preprocessing schemes), out-of-sample reliability (multiple datasets) and parallel forms reliability (different tasks in each sample) (Dubois and Adolphs, 2016) . While we present evidence in favor of the generalizability of GFC, future research is still needed to formally investigate the heterogeneity in GFC and find optimal combinations of tasks that most efficiently measure individual differences in intrinsic connectivity Shah et al., 2016) .
Third, reliability fundamentally limits the ability to detect associations between any two measures (Nunnally Jr., 1970; Vul et al., 2009) . Therefore, any investigation mapping intrinsic connectivity to individual differences in behavior, cognition, or disease is fundamentally limited by the reliability of intrinsic connectivity measures. Power to detect true effects depends on the anticipated effect size, which is in turn dependent on reliability of each measurement (Kanyongo et al., 2007; Williams and Zimmerman, 1989) . Given that many studies only have 5-10 minutes of resting-state data and consequently poor reliability of intrinsic connectivity measures, without GFC these studies will have drastically reduced statistical power (Button et al., 2013; Ioannidis, 2005 Ioannidis, , 2008 , and be limited to finding tenuous correlates of individual differences. In this way, GFC provides one practical step for imaging research to confront the power and reliability issues identified in neuroscience (Button et al., 2013; Szucs and Ioannidis, 2017) and beyond (Aarts et al., 2015; Errington et al., 2014; Ioannidis, 2005; Ioannidis et al., 2001; Munafò et al., 2017) and move towards a cumulative science of individual differences (Dubois and Adolphs, 2016) . For these reasons, we think that the gains in reliability offered by GFC outweigh the potential taskinduced "heterogeneity."
Conclusion
Here we propose general functional connectivity (GFC) as a method for improving the reliability of estimating individual differences in the intrinsic architecture of the brain's functional networks. We demonstrate that, when the amount of data available for analysis is held constant, the combination of resting-state and task scans is nearly as reliable as resting-state alone.
Furthermore, adding task data to typically short runs of resting-state data is substantially more reliable than the resting-state data alone. This increase in reliability boost the predictive utility of intrinsic connectivity in mapping individual differences. Many researchers who have less than 25 minutes of resting-state data but have task fMRI as well can immediately boost reliability and consequently power by adopting GFC as a measure of intrinsic connectivity. Our findings also suggest that future data collection should consider naturalistic fMRI (Hasson et al., 2004 (Hasson et al., , 2010 Huth et al., 2016; Lahnakoski et al., 2012; Vanderwal et al., 2017) and engaging tasks, in addition to resting-state scans when measuring intrinsic connectivity. This may be especially true when studying patient populations, children, and the elderly as they often cannot lie still for 25 minutes of resting-state scanning (Power et al., 2012; Satterthwaite et al., 2013; Yuan et al., 2009) . The current findings also suggest that researchers need not think of collecting resting-state and task data as a zero-sum competition for scan time when designing studies. Instead, our findings demonstrate that task and resting-state data provide complementary measures that together can lead to reliable measurement of intrinsic connectivity. We think that collecting adequate amounts (> 25 minutes) of high-quality fMRI data should be emphasized over the traditional taskrest dichotomy. Reliability and measurement must continue to be at the forefront of fMRI studies if the method is to continue to mature into a cumulative neuroscience of individual differences with clinical relevance.
Methods
Datasets
MyConnectome. This dataset consists of extensive brain imaging and behavioral data from a single 45-year-old male (Poldrack et al., 2015) . This study was designed to push the limits of precision mapping of a single individual brain and has been described extensively elsewhere Poldrack et al., 2015) . Briefly, several high resolution T1-weighted structural images, 104 sessions of resting-state fMRI (10:00 minute scan length), and 51 sessions of task fMRI were collected over the course of 532 days. We used 88 sessions of resting-state fMRI in our analyses. Task data involving language working memory, spatial working memory, nback, motion/stop-signal, and object localizer were used because each had at least eight sessions (after combining spatial and language working memory).
Human Connectome Project. This is a publicly available data set that includes 1206 participants with extensive MRI imaging and behavioral measurement. Participants were all free of current psychiatric or neurologic illness and between 25 and 35 years of age. Much of the dataset consists of twins and family members. To avoid bias due to family confounding, only one individual per family was retained (family member with the least motion during scanning). Additionally, participants were excluded from prediction analyses if they had less than 40 minutes of total task data, less than 310 timepoints (3:53 seconds) of any of the fMRI tasks or less than 50 minutes of resting-state data after motion censoring. This resulted in 300 subjects left to be used in our prediction analyses. Additionally, 45 subjects completed the entire scanning protocol again at a second timepoint as part of the HCP test-retest dataset. These data were used in the test-retest reliability portion of our analyses (see below). Eight subjects were removed from these analyses because they had at least one fMRI scan with truncated or missing data. Six subjects were removed because they did not have sufficient data (> 40 minutes of rest and > 40 minutes of task) after censoring. Therefore, the test-retest reliability analyses included data from 31 participants.
The acquisition parameters and minimal preprocessing of these data have been described extensively elsewhere . In our analysis we used the minimally preprocessed data in volumetric MNI space ("fMRIVolume" pipeline). Briefly, participants underwent extensive MRI measurement that included T1 and T2 weighted structural imaging, diffusion tensor imaging and nearly two hours of resting-state and task fMRI. One hour of resting-state fMRI was collected on each participant in four 15-minute scans (1200 time-points each) split-up into two scanning sessions over two days. In each scan session the two resting-state scans were followed by task fMRI . Across the two sessions each participant completed seven fMRI tasks.
Task fMRI is described extensively elsewhere . Briefly, tasks were designed to identify functionally relevant "nodes" in the brain and included working memory (810 timepoints, 10:02 minutes), gambling (506 timepoints, 6:24 minutes), motor function (568 timepoints, 7:06 minutes), language (632 timepoints, 7:54 minutes), social cognition (548 timepoints, 6:54 minutes), relational processing (464 timepoints, 6:52 minutes) and emotional processing (352 timepoints, 4:32 minutes). Altogether, 4800 timepoints totaling 60 minutes of resting-state fMRI and 3880 timepoints totaling 48:30 minutes of task fMRI were collected on each participant.
Dunedin Longitudinal
Study. This is a longitudinal investigation of health and behavior in a complete birth cohort. Study members (N=1,037; 91% of eligible births; 52% male) were all born between April 1972 and March 1973 in Dunedin, New Zealand (NZ) and eligible based on residence in the province and participation in the first assessment at age three. The cohort represents the full range of socioeconomic status on NZ's South Island and matches the NZ National Health and Nutrition Survey on key health indicators (e.g., BMI, smoking, GP visits) (Poulton et al., 2015) . The cohort is primarily white; fewer than 7% self-identify as having non-Caucasian ancestry, matching the South Island (Poulton et al., 2015) . Assessments were carried out at birth and ages 3, 5, 7, 9, 11, 13, 15, 18, 21, 26, 32, and 38 years, when 95% of the 1,007 study members still alive took part. Neuroimaging data collection is ongoing in participants who are now aged 45 years. We currently have collected completed neuroimaging data for 599 subjects. Subjects were excluded these analyses if they did not complete the rest scan and all four task scans or if they did not have sufficient data after motion censoring was applied (see below for censoring details) or if they had. Data for 542 subjects survived these fMRI exclusion criteria. Of these 542 subjects, 413 had completed IQ testing at age 45 (at the time of data analysis) and were included in the final prediction analyses. Additionally, 20 subjects completed the entire scan protocol a second time. These subjects were used to define test-retest reliability in our analysis of the Dunedin study.
Each participant was scanned using a Siemens Skyra 3T scanner equipped with a 64-channel head/neck coil at the Pacific Radiology imaging center in Dunedin, New Zealand. High resolution structural images were obtained using a T1-weighted MP-RAGE sequence with the following parameters: TR = 2400 ms; TE = 1.98 ms; 208 sagittal slices; flip angle, 9°; FOV, 224 mm; matrix =256×256; slice thickness = 0.9 mm with no gap (voxel size 0.9×0.875×0.875 mm); and total scan time = 6:52 minutes. Functional MRI was collected during resting-state and four tasks. Functional MRI was collected with a series of 72 interleaved axial T2-weighted functional slices which were acquired using a 3-fold multi-band accelerated echo planar imaging sequence with the following parameters: TR = 2000 ms, TE = 27 ms, flip angle = 90°, field-of-view = 200 mm, voxel size = 2mm isotropic, slice thickness = 2 mm without gap. 8:16 minutes (248 TRs) of resting-state fMRI was collected immediately before the four task fMRI scans. During the resting-state scan participants were instructed to stay awake with their eyes open and while looking at a grey screen. Participants completed an emotion processing task (6:40 minutes, 200 TRs), a color Stroop task (6:58 minutes, 209 TRs) , the monetary incentive delay task (7:44 minutes, 232 TRs) and a memory encoding task (5:44 minutes, 172 TRs). Tasks are described in detail in the supplemental.
fMRI pre-processing
Minimal preprocessing was first applied to all data. For the HCP dataset this was done with the HCP minimal preprocessing pipeline and included correction for B0 distortion, realignment to correct for motion, registration to the participant's structural scan, normalization to the 4D mean, brain masking, and non-linear warping to MNI space.
Similar "minimal preprocessing" steps were applied to both the MyConnectome and Dunedin datasets using custom processing scripts. Anatomical images were skull-stripped, intensitynormalized, and nonlinearly warped to a study-specific average template in the standard stereotactic space of the Montreal Neurological Institute template using the ANTs SyN registration algorithm (Avants et al., 2008; Klein et al., 2009) . Time-series images were despiked, slice-time-corrected, realigned to the first volume in the time-series to correct for head motion using AFNI tools (Cox, 1996) , coregistered to the anatomical image using FSL's Boundary Based Registration (Greve and Fischl, 2009) , spatially normalized into MNI space using the non-linear ANTs SyN warp from the anatomical image, and resampled to 2mm isotropic voxels. Dunedin images were additionally corrected for B0 distortions.
Time-series images for each dataset were further processed to limit the influence of motion and other artifacts. Voxel-wise signal intensities were scaled to yield a time-series mean of 100 for each voxel. Motion regressors were created using each participant's 6 motion correction parameters (3 rotation and 3 translation) and their first derivatives (Jo et al., 2013; Satterthwaite et al., 2013) yielding 12 motion regressors. Five components from white matter and cerebrospinal fluid were extracted using CompCorr (Behzadi et al., 2007) and used as nuisance regressors. In the MyConnectome and Dunedin datasets, images were bandpass filtered to retain frequencies between .008 and .1 Hz. In the HCP dataset, images only underwent highpass filtering with a cutoff of .008 Hz. High frequency signals were retained because removing high frequency signals would have resulted in excessive loss of degrees of freedom due to the very low TR (.75 seconds) (Bright et al., 2017; Caballero-Gaudes and Reynolds, 2017) . In the MyConnectome dataset, volumes exceeding 0.25mm frame-wise displacement or 1.55 standardized DVARS (Nichols, 2017; Power et al., 2014) were censored. In the HCP dataset, we followed the empirically derived thresholds of .39mm frame-wise displacement or 4.9 units above the median DVARS as recommended (Burgess et al., 2016) . In the Dunedin dataset, we investigated a range of framewise-displacement cutoffs using QC-RSFC plots in order to derive the optimal threshold for removing motion artifact as recommended . This investigation led to thresholds of 0.35mm framewise-displacement and 1.55 standardized DVARS. In all datasets, nuisance regression, bandpass filtering and censoring for each time-series were performed in a single processing step using AFNI's 3dTproject. Identical time-series processing was applied to resting-state and task time-series with one exception. To remove functionally connectivity predominantly driven be task-evoked coactivation, activation due to task structure was added as an additional nuisance covariate to all task scans and removed from their time-series (Fair et al., 2007) (see supplemental for details on task modeling and regression).
Functional Connectivity processing
We investigated whole brain intrinsic connectivity using 264 brain regions from a parcellation scheme derived in a large independent dataset (Power et al., 2011) . BOLD data were averaged within 5mm spheres surrounding each of the 264 coordinates in the parcellation. These average time-series were extracted independently from each scan session in every dataset. This allowed the time-series to be flexibly recombined. ]Correlation matrices were derived from these timeseries using Pearson correlation.
Reliability estimation
We first used the MyConnectome dataset to recreate and extend previous findings regarding measurement reliability . First, data from 88 sessions of resting-state scans were used to create correlation matrices. Data were randomly split into two equal halves of 44 sessions (average 398.51 minutes of data post-censoring), and all the time-series from one half of the data were concatenated together; cross correlation of this time-series was computed to define the "true" resting-state correlation matrix. Then, using a subset of the other resting-state sessions, a second correlation matrix was created. The upper-triangle from each correlation matrix was then extracted and Fisher-transformed to increase normality. The Pearson correlation between the upper triangle of the "true" correlation matrix and each subset of data (ranging from ½ a session to 40 sessions) was computed to define reliability. For each subset of data, sessions were randomly resampled 1000 times into the "true" and subset halves of the data to get robust estimates of mean reliability.
This resampling procedure was then repeated with our more general definition of intrinsic connectivity. In this analysis, all task and resting-state scans were combined to define general functional connectivity (GFC). To ensure correlation matrices were approximately equally representative of all task and resting-state data, 40 scan sessions (made up of 8 sessions from each of 4 tasks and 8 from rest) were used. As in the resting-state only analyses, scan sessions were evenly split into 2 pools of 20 scan sessions. Each pool of 20 scans consisted of 4 randomly selected scan sessions from each of the 4 tasks and rest. The "true" correlation matrix was created by concatenating and cross-correlating the time-series from one pool of 20 scans. Then reliability was calculated by calculating the Pearson correlation between the Fisher transformed upper triangle of the "true" correlation matrix with a second correlation matrix computed from randomly selecting a subset (1 to 20 scans) from the second pool of scans. The sampling procedure was repeated 1000 times for each number of scan sessions used to create the subset.
Test-retest reliability
Intraclass correlation (ICC) was used to quantify the test-retest reliability of intrinsic connectivity measures in the HCP and Dunedin test-retest datasets. ICC (3,1) was used in all analyses (Chen et al., 2018) . In the HCP dataset, the influence of the amount of data, as well as type of data (reststate and task) on ICC was investigated. In the resting-state analyses, intrinsic connectivity matrices were calculated across a range of scan lengths (5, 10, 20, 30 , and 40 minutes of postcensoring data) mirrored in the test and retest samples. ICC was then calculated for each edge of this matrix, yielding 34716 (264*263/2) unique ICC values for each scan length. A more general definition of intrinsic connectivity was derived by including task data in the intrinsic connectivity matrices. GFC was formally investigated (Figures 1, 2 and 3) by constructing a dataset from an equal amount of each task and rest. GFC was investigated over a variety of scan lengths (5, 10, 20, 30 and 40 minutes of post-censoring data). In all analyses, an equal amount of data from all scan types (each task and rest) were combined for up to 25 minutes of data. After this point, equal amounts of each task could no longer be added together because some tasks were significantly shorter. Above 25 minutes, data was selected at random from the remaining task TRs to avoid any bias. In the Dunedin study, 2 ICC matrices were constructed. The first was built from each participant's single resting-state scan and the second from all task and resting-state scans.
Connectome predictive mapping
The predictive utility of increasing reliability through our GFC measure was evaluated by testing the ability of the different intrinsic connectivity matrices in predicting intelligence in the HCP and Dunedin datasets. Intelligence was measured in the HCP using the Raven's Progressive Matrices (PMAT24_A_CR) (Raven, 1941) . This measure was adopted because it is a proxy for cognitive ability that has been shown to be predicted by intrinsic connectivity in the HCP (Dubois et al., 2018a; Finn et al., 2015; Noble et al., 2017) . In the Dunedin study, intelligence was measured using the WAIS-IV (Weschler, 2008) . The WAIS-IV is a well-established and validated measure of individual differences in cognitive ability.
In both the HCP and Dunedin datasets, intelligence was predicted using Connectome Predictive Mapping (CPM) . This framework provides a general method to predict any measure from intrinsic connectivity matrices. In this approach, predictors are filtered by selecting edges that have a p < .01 correlation with the measure of interest. Three linear regression predictive models are then built, one from the positive features, one from the negative features and one from the combination of features . Here we report results from the combined model (see supplemental table S1 for results from all models). A leaveone-out cross validation scheme was adopted in which the models were trained with all participants except one and used to predict the measure in the left-out participant. This is repeated until all participants have been left out, and the correlation between predicted and true scores is adopted as an unbiased effect size measure of predictive utility.
